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Abstract
Background: Many essential cellular processes, such as cellular metabolism, transport, cellular metabolism and
most regulatory mechanisms, rely on physical interactions between proteins. Genome-wide protein interactome
networks of yeast, human and several other animal organisms have already been established, but this kind of
network reminds to be established in the field of plant.
Results: We first predicted the protein protein interaction in Arabidopsis thaliana with methods, including ortholog,
SSBP, gene fusion, gene neighbor, phylogenetic profile, coexpression, protein domain, and used Naïve Bayesian
approach next to integrate the results of these methods and text mining data to build a genome-wide protein
interactome network. Furthermore, we adopted the data of GO enrichment analysis, pathway, published literature
to validate our network, the confirmation of our network shows the feasibility of using our network to predict
protein function and other usage.
Conclusions: Our interactome is a comprehensive genome-wide network in the organism plant Arabidopsis
thaliana, and provides a rich resource for researchers in related field to study the protein function, molecular
interaction and potential mechanism under different conditions.
Background
A protein in an organism does not fulfill its function
independently. The complicated cellular functions of an
organism frequently rely on physical interactions
between proteins. Over the past decade, various new
experimental methods have been developed to quantify
the interaction between proteins. Some of them, like
AFM, FRET and BREF, can only be applied on the small
scale protein-protein interaction detection, while others,
such as Yeast Two Hybrid, Affinity Purification and Pro-
tein Arrays, are suitable for high throughput purpose.
High throughput technologies, like yeast two-hybrid sys-
tem (Y2H) and affinity purification, have been applied
for genome-wide detection of protein protein intearction
in several species, including Homo Sapiens[1-4], Droso-
phila Melanogaster[5,6], Saccharomyces Cerevisiae,[7-9]
and Caenorhabditis elegans[10].
In Homo Sapien, Wanker and his colleagues have con-
structed the protein-protein interaction network with
3186 protein pairs containing 1705 proteins, while Vidal
et. al. have built a protein-protein interaction network
with the same platform. However, only a few small over-
lapping pairs are detected between the two protein
interaction datasets. Same phenomenon also is observed
during the process of building protein protein interac-
tion network in Drosophila Melanogaster. Giot et al
have built an interactome of Drosophila Melanogaster
containing 4,679 interactions between 4,780 proteins.
L a t e ro n ,a n o t h e rg r o u pr e p o rted a protein interaction
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a high-throughput yeast two hybrid system. Surprisingly,
only 24 interactive pairs are overlapped between the two
datasets. The same results emerge in Saccharomyces
Cerevisiae also. Among three different PPI datasets gen-
erated by three independent research groups with 4,475,
72,690, and 48,751 PPI pairs, respectively, maximum
overlaps are below 9% between each two interactomes.
The first two interactomes are generated with the same
technology - yeast two hybrid system, and the last one
is done with Affinity Purification-MS method. These
previous independent results show a low consistence
between different research groups. Analyses of the dif-
ferences in the datasets and methods above indicate that
the high throughput experimental methods have condi-
tion-specific and method-specific characteristics, which
result in the little overlap even with the same experi-
ment platform in the same species. Thus each of the
high throughput experiment methods has its bias in
detecting protein-protein interaction and alternative
strategies should be adopted to enhance the accuracy
and comprehensiveness of the genome-wide protein
interaction maps. However, the high-cost, low coverage,
and labor intensive of those experimental methods limit
their applications.
In order to overcome the drawbacks and the limita-
tion of the experimental approaches and expand the
coverage of protein protein interaction network, various
bioinformatics approaches have been developed during
past decade. For example, new bioinformatics methods,
based on the gene expression profile, the evolutionary
relationship and genome contexts, are introduced in the
field of genome-wide protein-protein interaction net-
work construction, those methods include ortholog
[4,11-13], microarray gene expression profiles[4,7,12-15],
gene fusion[15], gene neighbour[15], phylogenetic pro-
file[16], domain[4,12,13] and SSBP[4,12,13]. Up to now,
the interactomes of several model organisms, such as
Homo Sapiens, Saccharomyces Cerevisiae, Drosophila
Melanogaster, Caenorhabditis Elegans, Plasmodium Fal-
ciparum and Arabidopsis Thaliana, have been already
built on the basis of certain bioinformatics methods.
These available interactomes have been constructed by
combining different high-throughput data with bioinfor-
matics predicted results. For example, the integrated
protein-protein interaction network of Saccharomyces
Cerevisiae was derived through the integration of the
Y2H data, protein complex and microarray gene expres-
sion profiles with the Bayesian probability model [7].
The protein interactome of Human was built through
probabilistic integration of the results generated from
protein-protein interactions in several model organisms,
protein domain assignments, gene expression measure-
ments and biological function annotations [4]. The two
protein-protein interaction networks in Arabidopsis
thaliana were constructed based on the data of ortholog
and collected transcriptome data, or shared annotation,
domain interaction, and co-localization [13,17]. The
Plasmodium falciparum protein interactome [15] was
established on the basis of the methods including gene
fusion, phylogenetic profile and gene expression data.
All of the above interactomes except Arabidopsis are
generated with Bayesian integration approach. As differ-
ent bioinformatics methods predict the protein-protein
interactions based on different types of data, each one
also has its own inherent bias and limited coverage [18].
To systematically integrate those various data and make
the results consistent to increase the prediction coverage
and accuracy, various algorithms ,such as Voting, SVM,
and Bayesian probabilistic model have been adopted for
the purpose. Since Voting just uses a limited partition of
data and SVM needs parameter estimation which might
bring uncertainty into the prediction result, Bayesian
probabilistic model has been widely applied in the inte-
gration process of establishing the genome-wide pro-
tein-protein interaction networks [4,15,19].
By assembling a collection of genomic, transcriptomic
and proteomic data, we have successfully predicted gen-
ome-wide protein-protein interactions in Arabidopsis
thaliana on the basis of model organism protein-protein
interactions, protein domain assignments, Arabidopsis
thaliana gene expression profiles, biological function
annotations, and genomic inference methods. During
the process, we have used carefully constructed high
quality Golden Standard Positive (GSP) data and Golden
Standard Negative (GSN) data to enhance the reliability
of Bayesian probabilistic model and generated the pro-
tein-protein interaction network with a larger coverage.
N e x t ,w eh a v ec a r r i e do u tf u n c t i o n a la n a l y s i so nt h e
basis of our Arabidopsis thaliana PPI network. We have
also annotated protein function by using the simulated
annealing method. In addition, we have deposited all
our results and other integrated useful resources into
AtPID [20]. The results of our analysis show the wide
applicability of our network and demonstrate that our
interactome is a valuable resource for biologist in plant
field to investigate the protein function and explore the
potential mechanism of various life processes.
Results
During the process, we first defined a gold standard
positive set (GSP) through text mining from published
literature as well as data collection from IntAct, BIND
and TAIR database. We generated a gold standard nega-
tive set (GSN) on the basis of the different sublocation
information from GO. Data integration was mainly ful-
filled by measuring individual accuracy in the context of
overlap with the gold standards, and subsequently
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ber of overlaps. The scores calculated here were then
used to construct the main protein-protein interaction
network of Arabidopsis Thaliana. After the construction
of the network, we validated our network by using data
from KEGG[21,22], AraCyc[23,24] and published
literature.
Gold standard sets
A gold standard positive (GSP) set of 4,129 distinct pro-
tein-protein interactions among 5,505 proteins came
from the databases IntAct [25], BIND[26,27], TAIR
[28,29] and text mining (see methods). Such GSP set
was used to score the interaction network and to assign
each predictive interaction pair with quantitative mea-
surements. A gold standard negative set (GSN), within
which each component of a pair has different cellular
sublocation according to the Gene Ontology database,
contains 196,855 protein pairs (see methods). Thirteen
pairs of identical protein-pair, which appeared in both
sets, were removed from both GSP and GSN.
Network construction
We applied ortholog interactomes, expression data,
shared biological function, enriched domain pairs, gene
neighbor, gene fusion and phylogenetic profile combined
with prior odds to predict protein-protein interactions.
By applying Naïve Bayesian approach [30,31], we con-
structed our protein-protein interaction network in the
following manner (Figure 1).
Since shared biological function represents the consis-
tence of protein function more than real physical inter-
actions and genome context methods (including gene
neighbor, gene fusion and phylogenetic profile) imply
Figure 1 The flowchart of our interactome construction process 1. the LR score of each method is calculated first, we next combined the results
LR of gene neighbor, gene fusion, phylogenetic profile and SSBP together and validated the PPI pair obtained by these four methods with
protein domain method. Only the PPI that is predicted by one of the above four methods and is supported by domain could be integrated in
our interactome. 2. We integrated the result of the newly combined methods with the results of ortholog and gene coexpression. The final LR
score of our PPI network is the product of the LR scores of the three above methods.
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reflect the functional linkages between the proteins
rather than the true direct physical interaction. We vali-
date the predictive result of these methods with domain
interaction as domain interactions are the fundamental
of function unit for physical interactions between pro-
teins. Thus, only the protein-protein interaction pairs
that are generated by the combination of genome con-
text methods and shared biological function and, at the
same time, are confirmed by inferred domain interaction
are integrated into our network. The likelihood ratio
(LR) of protein-protein interaction pair, based on the
above five methods, is the maximum LR among the dif-
ferent genome context methods and shared biological
function method. Next, we integrated the above results
with Naïve Bayesian algorithm. The final LR of PPI pair
within our network were generated from three parts, the
LR according the above five method, the LR of expres-
sion data method and the LR of ortholog interactomes
(See Methods).
After the construction of the network, we categorized
PPI pairs into three groups according to LR score.
Firstly, we applied the generally accepted Bayesian cri-
terion, Opost=1, to define the cutoff of high confident
interactive pairs. Under this condition, the LR is calcu-
lated to be 559. There are 2505 interactions concerning
1361proteins in our high confident network. Secondly,
As the interaction predictions based on ortholog are
more reliable, among the LR generated from 4 different
ortholog interactomes, Caenorhabditis elegance has the
lowest LR with the score 92, we used 92 as the cutoff
for the medium confident interactions in our network,
the 16429 interactive pairs with 5363 proteins. Last, the
interaction pairs having the LR score lower than 92 but
being supported by at least one predictive method are
collected in the low confident network. Thus, we use 92
and 559 as the likelihood ratio cutoff and separate our
PPI network in low, middle and high confident groups.
Network function annotation
The simulated annealing algorithm[32] was used to
annotate the function-unknown proteins based on the
concept of guilt-association in both high and medium
confident PPI network. According to the annotation
information in TAIR7, which was the latest edition of
TAIR annotation information when we constructed the
whole PPI network, there were 1,260 function unknown
proteins in our high and medium confident PPI net-
work. Through annotation process, all of these 1,260
proteins were annotated with 1,473 GO terms in
121,369 annotation pairs (each annotation pair is com-
posed of a function unknown protein and its annotated
GO term). 6,686 pairs of annotation had p-value with
high significance (less than 0.0517), which can be
treated as high confident annotation pairs. For example,
protein AT5G02050, predicted as ATP-dependent heli-
case activity (GO: 0008026) by our method. is consistent
with the TAIR 8 annotation mitochondrial glycoprotein
family protein. The rest of the significant annotations
are provided in additional file 1.
Interaction conservation in other species
In order to verify the interactions in our network, the
orthologs in E.coliK12, S.pombe, and S. cerevisae inferred
from the Arabidopsis proteins in our high and medium
confident networks are extracted from the Inparanoid
database. Next, corresponding protein-protein interac-
tion pairs from the individual organism were built in
accordance with the protein-protein interaction in our
interactome. Since the ortholog information in S. cerevi-
sae was used to construct our PPI network, we first
excluded the predicted PPI in A. thaliana inferred from
the S. cerevisae orthologs in our network; we next rever-
sely mapped the rest protein interaction pairs to S. cere-
visae. Then, we search all of the new built pairs in
IntAct databases. In this way, we obtained fifty conser-
vative pairs in S. cerevisae. The result indicates that
many of our predictive protein-protein interaction pairs
are conserved in other organisms. For instance, our pre-
dictive interaction pair, AT2G33210 and AT2G39770,
has corresponding interaction pair, NP_418567.1 and
NP_416543.1, in E.coliK12, which has been confirmed
by the pull down experiment [33]. In addition, the con-
servative protein-protein interaction pairs could also
show biological function relationship between a protein
and large biological complex. For example, the protein
interaction pair YLL036C and YDL030W was deduced
according to our predictive pair AT2G33340 and
AT5G06160. In S. cerevisae, the protein YLL036C
represents the splicing factor associated with the spli-
ceosome and the protein YDL030W is a subunit of the
SF3a splicing factor complex. The interaction pair con-
firms the interaction between splicing factor and the
related spliceosome complex [34,35]. All of the inferred
interaction pairs in Arabidopsis Thaliana and their cor-
responding PPI in other species are provided in Addi-
tional file 2.
Consistence between pathway information and network
According to the data concerning pathway, we found
that the proteins that participated in more pathways had
the tendency to have a higher degree in our interac-
tome, which is also supported by previous work[36]. We
have used pathway related data of Arabidopsis thaliana
from KEGG and AraCyc to check the consistence
between pathway and our network for the validation of
our interactome. There are totally 299 pathways in
KEGG and AraCyc. Firstly, we counted the number of
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the member proteins of these pathways there were 33
proteins that join in more than 10 pathways (Additional
file 3 table 1) which can be regarded as hubs in the
pathways. After the identification of these proteins, we
located the hub proteins in our whole network, whose
nodes have the average degree 373, comparing with the
average degree 42 of all nodes in the whole network.
Searching the degree of these joint components shows
that the proteins related to more pathways have the ten-
dency to have higher degrees.
Besides, the components of our PPI pairs have the
functional consistence. We collected all the components
in the Glycolysis/Gluconeogenesis pathway (ath00010)
from KEGG and used their neighbors in our high and
medium confident network to build an ath00010 related
PPI network. Figure 2 shows us that protein At1G79530
has an interaction with At1G56190. According to the
information from KEGG, the EC code of At1G79530
and At1G56190 are 1.2.1.12 and 2.7.2.3, which repre-
sents glyceraldehyde-3-phosphate dehydrogenase and 3-
phosphoglycerate kinase, respectively. In the KEGG
pathway ath00010, the two proteins have the same sub-
strate Glycerate-1,3P2. This functional consistence
shows the reliability of our PPI network and PPI
predictions.
M o r e o v e r ,w eh a v em a p p e da l lt h ep a t h w a y st oo u r
high and medium confident network. Almost all the
metabolic pathways (299 pathways) have their key com-
ponents in our network (Additional file 3). For example,
the protein At2G44350, represents ATP citrate synthase,
has a key function in the pathway Acetyl-CoA biosynth-
esis from citrate. In our network, the protein has inter-
action with several proteins to carry out the function,
Those proteins include At1G53240 (malate dehydrogen-
ase (NAD), mitochondrial), At3G28715 (H+-transport-
ing two-sector ATPase, putative), At3G28710 (H
+-transporting two-sector ATPase, putative),
AT3G47520 (Encodes a protein with NAD-dependent
malate dehydrogenase activity), AT3G09810 (isocitrate
dehydrogenase, putative / NAD+ isocitrate dehydrogen-
ase, putative). When mapping the At2G44350 gene to
the orthologs in mouse and S. pombe, which we did not
applied in our predictive process, we found that the
related ortholog protein in both the organisms also
interacted with malate dehydrogenase and other pro-
teins concerning the function of energy metabolism.
These functional consistencies related to mitochondrion
and interactive conservation in energy metabolism
across species could validate the value of our network in
studying metabolic pathways or related function mod-
ules. Moreover, we have tried to extend the pathway
with the help of our interactome. For example, the pro-
tein AT1G48790, which is annotated as ubiquitin-
dependent protein, is not the component in the aerobic
respiration alternative oxidase pathway. But in our net-
work, AT1G48790 has interaction with AT1G16700
which is one of the components of the pathway repre-
sents NADH dehydrogenase (ubiquinone). In addition,
AT1G48790 involves in the pathways such as NADH
phosphorylation and dephosphorylation, oxidative phos-
phorylation, and aerobic respiration. it makes us sup-
pose that the aerobic respiration alternative oxidase
pathway might interact with other biological compo-
nents or above pathways by means of the interaction
between AT1G48790 and AT1G16700.
Interaction between transcription factors
Cooperative transcriptional activations among transcrip-
tion factors (TFs) are important to understand the
mechanisms of complex transcriptional regulations in
organisms. We used our protein-protein interaction data
to infer the possible interaction between transcription
factors. For example, we found interaction between
AT1G56650, that involves in abscisic acid (ABA) signal
transduction, and AT2G40220, that response to abscisic
acid stimulus. Both of the TFs could be the downstream
components of the ABA signaling pathway that partici-
pate into the regulation of target genes response to ABA
signal. Therefore, these interactions between transcrip-
tion factors may exposit certain regulatory mechanism
of the transcription factors in the biological processes.
Researchers could refer to AtPID to check the interac-
tion partner of their interested transcription factors.
All our predicted PPI pair and the whole network is
stored in Arabidopsis thaliana Protein Interactome
Database(AtPID)[20], which is available at http://www.
megabionet.org/atpid/. One can explore our interactome
with the help of AtPID.
Discussion
The characteristics of our interactome
Because of the importance of protein-protein interaction,
an interactome will be an invaluable resource for studying
the protein functions, sublocations and protein protein
interactions, and inferring the potential mechanisms of
Table 1 The related proteins and PPI pairs of four species
from the DIP database.These data will be mapped to the
genome of Arabidopsis thaliana based on ortholog
relationshipand be used to predict the PPI in the
Arabidopsis thaliana
Species Protein numbers. PPI numbers.
Drosophila melanogaster 7079 21013
Saccharomyces cerevisiae 4923 18331
Caenorhabditis elegans 2644 4038
Homo sapiens 1177 1734
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Page 5 of 14Figure 2 PPI network containing the interaction between At1G79530 and At1G56190 The PPI network is extracted from our medium confident
bin. At1G79530 and At1G56190 (yellow node) has E.C code of 1.2.1.12 and 2.7.2.3, which have the same substrate according to the KEGG
pathway ath00010, respectively. The red lines represent the interactions that show the consistence with the pathway information.
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of Arabidopsis thaliana are publically available. One of the
interactomes is mainly based on the method of ortholog
data combined with gene co-expression relationship, that
contains 7,072 high and medium confidence protein-
protein interaction pairs between 1,650 proteins [13],
while another one is on the basis of gene expression,
domain interaction, shared annotation, and co-localization
including 224,206 potential interactions concerning 9,221
proteins[17]. Since each of the predictive methods has its
own bias and coverage [18], the resulted datasets have just
reflected certain aspects of the genome-wide protein pro-
tein interactions in Arabidopsis thaliana. Therefore, we
constructed our interactome in a more comprehensive
way by integrating the information concerning ortholog,
coexpression, genome context, functional annotation, and
protein domains with Bayes probabilistic approach. The
number of the overlapped interactive pairs is 3,054, invol-
ving 1,444 proteins, between our high and medium confi-
dent interactome and Lee’s interactome. In contrast, our
high and medium confident interactome only contained
the same 791 consistent interactions between 635 proteins
as Chen’s interactome. Similarly, the overlap between the
previous two networks is just 338 interactions concerning
335 proteins. The differences between the datasets could
result from the criterion used by different groups. Our
domain based interactions came from two different
approaches, one part of the interactions were constructed
according to the directly domain interaction that were
experiment validated, meanwhile, another part of the
interactions were inferred from domain interaction based
on the experimental confirmed protein interaction data. In
contrast, the domain features in Chen’sm e t h o d sw e r e
based on seven predictive methods come from Pfam sys-
tem, thus the domain interaction criterion adapted in our
methods is more stringent. Moreover, Lee’s and our group
has adopted similar methods such as ortholog etc, that
could contribute to higher overlapped interactive pairs
between the two resulted interactomes. However, Lee’s
group just uses ortholog to construct the interactome and
the coverage of their interactome is much low than ours.
Besides, during their analysis process, they simply evaluate
the goodness and stability of a protein-protein interaction
with a CV value without applying any powerful statistical
integrative method. The differences among the three inter-
actomes denote that each of the three datasets could be
complementary to the others. In addition, more various
methods could be applied in the field of protein protein
interaction predictions to generate more comprehensive
interactiome.
The biological exploration of the whole network
The result of GO Enrichment Analysis shows the rela-
tive consistence between our network topology and
biological ontology. We have used GO enrichment[37]
to explore our large scale PPI network. The protein
lists which are specially expressed in flower, leave,
root, seed and silique[12] were extracted to do GO
Enrichment Analysis with Amigo[37] first, and the
result showed that these proteins were enriched in 48
GO terms. Next, we searched the neighbor of these
tissue specific expressed proteins in our whole net-
work. Then, we carried out the GO enrichment analy-
sis on these neighbor proteins. Subsequently, we
compared the results generated by the above two runs
of GO Enrichment Analysis. The results show that
direct biological relationships exist between the tissue
specific proteins and their interaction partners in our
interactome. The tissue specific proteins are enriched
in many GO terms, one of which is GO: 0005739.
This GO term lies in the eighth hierarchy of the GO
hierarchical structure and its description is mitochon-
drion. The first level neighbors of proteins enriched
in GO: 0005739 were also closely correlated in the
same GO term (GO: 0005739) according to GO-
enrichment analysis, with the descriptions such as
purine ribonucleotide biosynthetic process, purine
nucleotide metabolic process, ribonucleotide meta-
bolic process and ATP biosynthetic process (Table 2).
ATP is biosynthesized in mitochondrion and the A in
ATP represents adenine that is a purine base. We per-
formed similar analyses on the rest 47 GO terms, 26
of them showed direct biological relations (additional
file 4). The direct biological consistence resulted from
the GO enrichment analyses implied the biological
reliability of our PPI network. With the consistence of
the biological ontology, our interactome could be
used to further elucidate the molecular aspects of pro-
teome in Arabidopsis thaliana including the function
annotation of unknown protein, sublocalization pre-
diction of a certain protein, molecular experiment
guidance.
Table 2 The result of GO enrichment analysis of proteins
with GO: 0005739 mitochondrion with the GO term in
the 8
th layer of GO hierarchical structure and their
neighbors in our PPI network
GO TERM p-value Description
9152 7.51E-14 purine ribonucleotide biosynthetic process
6163 1.09E-13 purine nucleotide metabolic process
9259 1.30E-13 ribonucleotide metabolic process
6754 7.21E-10 ATP biosynthetic process
We exert GO enrichment analysis on the proteins enriched in the GO:
0005739 and their interactive partners. The table contains the top GO terms
these partners enriched in. The first column is the GO terms that the partners
enriched in, the second column is the p-value of enrichment and the third is
the functional description of the related GO terms.
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The existence of interaction between two proteins sug-
gests that they contribute to the same or similar biologi-
cal processes. Many cellular processes and chemical
events in organisms such as enzymatic reactions and
dimerization involve protein-protein interactions, and
function related proteins tend to form a function unit to
carry out the specific biological process. We can unravel
the complex interaction network to identify those func-
tion units and the potential new components in them
with our interaction network.
Spliceosome are composed of snRNA, snRNP, splicing
factors and other miscellaneous proteins. The interac-
tions between these distinct proteins fulfill the function
of removing introns from a transcribed pre-mRNA
sequence. We did further exploration in our high and
medium network. Firstly, we collected the proteins that
are annotated as splicing factors, we next acquired their
interaction partners and selected those proteins interact-
ing with more than one protein annotated as splicing fac-
tor. In this way, we obtained a splicing functional unit
containing 52 pairs PPI between 54 proteins. 80, 18, and
3 of these PPI pairs are conserved in yeast, human and
Drosophila, respectively. For example, the interactive pair
of AT3G55200 and AT1G07170 in our interactome has
corresponding orthlog pairs of YML049C-YPR094W in
yeast and ENSP00000305790- ENSP00000216252 in
human. YML049C is annotated as a protein involved in
pre-mRNA splicing; component of the pre-spliceosome,
while YPR094W is annotated as a zinc cluster protein
involving in pre-mRNA splicing and cycloheximide resis-
tance. In addition, ENSP00000305790 is annotated as
splicing factor 3B subunit 3 and ENSP00000216252 is
annotated as splicing factor 3B-associated 14 kDa pro-
tein. All of these proteins commit the splicing activities.
Thus, for the protein AT1G07170 annotated as a cellular
component unknown protein in TAIR system, we can
assign it to the splicing functional unit and it should have
the biological function concerning splicing activities in
Arabidopsis thaliana. Furthermore, among these PPI
pairs, four of them are the interactions between 8 differ-
ent splicing factor proteins. Moreover, 31 proteins that
are not annotated as a splicing factor have interactions
with at least two other splicing factors. Among these
31 proteins, eleven proteins, like AT2G18740, and
AT3G53570, are annotated as small nuclear ribonucleo-
proteins, which are the components of spliceosome.
These consistencies not only validate the composition of
the spliceosome but also reflect the biological applica-
tions of our interactome. In the functional unit, other
proteins that do not have direct relationships with spli-
ceosome may correspond to the other miscellaneous pro-
teins in spliceosome complex, these proteins could be
used to infer the potential functions of the splicing
factors in other biological processes. Therefore, our inter-
actome offers value clues to explore the new functions
for proteins and the potential mechanisms in the differ-
ent biological conditions.
Literature validation
Up to now, several published papers have studied the
function modules or metabolic processes based on
experimental generated PPI sets. Wurtele ES and his
colleagues have articulated several core metabolic pro-
cesses in Arabidopsis. We collected the proteins in fatty
acid biosynthesis and leucine degradation pathways and
searched their first level neighbors in our high and med-
ium confident network to extract the PPI subnetwork
out (Figure 3 A, B). Several separate modules of PPI
related to certain metabolic process were detected dur-
ing the process in our network and are consistence with
the protein groups contained in their pathways (Figure 3
C,D)[38]. It is found that the components of our PPI
module are all assembled together in the metabolic pro-
cess and almost have the same function validated by
their research results. Furthermore, in their result
(where the result comes from?), six genes have been
detected highly correlated with the gene At4g34030
(Table 3). Three of them were also predicted in our low
confident PPI network, but only one (At1g03090) was
detected in the medium confident network. This result,
to certain extent, indicates that the accuracy of PPI pre-
diction is enhanced while the confidence of our PPI net-
work increases.
Furthermore, we carried out text mining for those
newly published papers after our prediction was fin-
ished, eighty newly biological experiment validated PPI
pairs was collected. Forty-eight of them can be con-
verted to AGI code and mapped to our PPI network,
thirty-four and six of them can be found in our medium
and high confident PPI network, respectively (See addi-
tional file 5). The number of PPI pairs newly confirmed
by other groups existed in both of our medium and
high confident PPI network indicate the accuracy of our
PPI prediction. Considering the coverage of medium
confident interactome, we suggest researchers, who are
interested our dataset, to pay more attention to our
medium confident PPI network.
Protein function prediction
The network view of the interactive proteins can be
used to infer the potential new relationships between
proteins. The basic underlying assumption of the func-
tional annotation is that pairwise interaction is a strong
indication for common function. Therefore, the PPI net-
work offers a new resource for protein function study.
We have used the dataset to annotate the unknown pro-
tein functions based on the theory of ‘guilty by
Xu et al. BMC Genomics 2010, 11(Suppl 2):S2
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Page 8 of 14Figure 3 (A, B) PPI network and corresponding processes related to fatty acid biosynthesis and leucine catabolism. The component proteins of
fatty acid biosynthesis and leucine catabolism in Arabidopsis thaliana are from a published paper [38]. A: The sub-networks related to fatty acid
biosynthesis are constructed based on our medium confident bins. Each of the five circles in different colors encloses the corresponding one of
the five interactive modules in the fatty acid biosynthesis depicted in Fig 3 (C). B: The sub-networks related to leucine catabolism. The colored
circles represent the function modules corresponding to the function unit in Fig 3 (D). C: The fatty acid biosynthesis with the candidate genes in
Arabidopsis thaliana, proteins in each square with one of the five different colors in the figure are the same as the proteins in the related sub-
network in Fig 3(A). D: The leucine degradation pathway in mitochondrion, the proteins in different colored squares are the same proteins
depicted in the corresponding sub-networks in Fig 3(B).
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Page 9 of 14association’ [15,16]. In our medium confident network,
the protein At5g50850, which is annotated as pyruvate
dehydrogenase, has an interaction with At1g54220,
which is annotated as putative dihydrolipoamide S-acet-
yltransferase (Figure 4). As dihydrolipoamide S-acetyl-
transferase is generally accepted as the E2 component of
pyruvate dehydrogenase complex, it is further suggested
that the protein At1g54220 have the function of dihy-
drolipoamide S-acetyltransferase based on our data.
Since the protein At5g50850 has been annotated with
E.C 1.2.4.1 and has an action on 6-S-Acetyl-dihydroli-
poamide in the pathway ath00010 graph from KEGG,
the protein At5g50850 could also play the same role as
dihydrolipoamide S-acetyltransferase. Moreover, other
proteins that interact with At5g50850 are all annotated
as pyruvate dehydrogenase and proteins that are con-
nected with At1g54220 all have the annotation as a
dihydrolipoamide S-acetyltransferase. These interactions
further demonstrate that the function similarity exists
between interactive protein pair. These evidences con-
firm the feasibility to predict protein function on the
basis of PPI networks.
As discussed above, our interactome contains large
amount of validated functional linkage information,
which provide rich resource to investigate the potential
new mechanisms and characterize the gene/protein new
function under systematical level. Although our current
interactome and other predicted protein interaction
datasets for Arabidopis have certain limitation, they pro-
vide the first step towards understanding the architec-
ture and function of the cellular network. It can be
expected that the genome-wide protein interactome will
be better delineated both in coverage and accuracy
through the bioinformatics integration with the increase
of the genomic and proteomic experimental data in the
future.
Conclusion
A predictive protein-protein interaction network in the
organism plant Arabidopsis thaliana has been already
constructed according to our research. Our interactome
is a comprehensive genome-wide network and provides
a rich resource for researchers in related field to study
the protein function, molecular interaction and potential
mechanism under different conditions. Anyone who are
interested in the field of genome-wide protein-protein
interaction network and corresponding annotation infor-
mation could go to AtPID to access the comprehensive
data.
Methods
A gold standard positive set and a gold standard
negative set
A gold standard positive set (GSP) was constructed on
the basis of the data from databases IntAct, BIND,
TAIR and text mining. During the process of text
mining, we have collected PPI data with experimental
evidence and references. To ensure the reliability of
these data, we also conducted a validation process. First,
PPIs collected from the literature without AGI locus
identifiers were mapped to IPI. Symbols without a
match were removed. 3,866 protein-protein interaction
pairs involving 1,875 proteins were extracted based on
this filtration process. Additionally, protein components
in partial enzyme complexes were also added to GSP
based on the assumption that components of an enzyme
complex have not only high functional association but
also potential physical interactions. Enzyme complexes
from KEGG[21] were downloaded, the overlapping part
between these complex data and interaction data from
text mining were extracted as a part of gold standard
positive set. Subsequently we examined the property of
PPI in protein complex. Because many subunits or com-
ponents of an enzyme complex are constructed with
regards to sequence similarity with other species or
orthologs, validated physical protein interaction data
was referred to reduce noise and redundant information
here. By means of comparing the proteins pairs in com-
plex with the existed part of GSP, we found that most
protein-protein pairs of enzyme complex that had more
than eighteen components did not have the evidence of
interaction in our GSP. On the contrary, almost all pro-
tein pairs in the complex that processed less than eigh-
teen components were supported by our GSP to have
interactions. So we only added the protein pairs that
e x i s t e di nl e s st h a ne i g h t e e n components complex into
our GSP set. In all, 800 unique pairs were obtained
according to enzyme complex after excluding the redun-
dancies from the 3,866 pairs via text mining. Conse-
quently, a total of 4,129 interaction pairs involving 2,285
proteins were collected to form a gold standard set. A
gold standard negative set (GSN), contains 196,855 pro-
tein pairs, was set up based on the different sublocation
information according to the Gene Ontology database.
Only the data marked with evidence code of “IC”, “IDA”
and “IPI”, that guaranteed high quality of the data, were
Table 3 Genes have the highest correlation with the
At4g34030 across 965 Arabidopsis ATH1 array chips
Corr. Gene ID LR in our interactome
0.9 At1g03090 580.206
0.84 At3g06850 None in our interactome
0.84 At3g13450 None in our interactome
0.82 At2g43400 0.7408
0.8 At3g45300 None in our interactome
0.8 At4g35770 0.7408
The genes with correlation greater than 0.8 across 965 chips, data from [38].
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Page 10 of 14taken into consideration in order to build gold standard
negative set. 13 pairs of identical protein-pair, which
appeared in both sets, were removed both from GSP
and GSN. The LR score of any protein protein interac-
tion pairs are calculated on the basis of our reliable GSP
and GSN.
Method of PPI prediction
In terms of the method of ortholog interactome, we fol-
lowed the methods proposed by Chinnaiyan [4]. Firstly,
we queried high-throughput interactome data in four
model organisms: Sacchromyces cerevisiae, Caenorhabdi-
tis elegans, Drosophila melanogaster and homo sapiens
[39-42]Secondly, we searched the ortholog proteins in
Arabidopsis thaliana with the help of Inparanoid
[43-45]. Then, four Arabidopsis interactomes were gen-
erated based on the four species. Each interactome has a
LR score of its own. The data that presents the amount
of predictive protein protein interaction pairs in Arabi-
dopsis thaliana derived from the interactomes in the
above four species is showed in table 1 and the final LR
score used in Bayesian integrative approach is the lar-
gest LR generated with ortholog interactome among
these four model organisms. (Additional file 6 table 1)
Gene expression profile is also generally used to infer
protein protein interaction since previous studies have
already demonstrate that the genes encoding interactive
proteins have the similar expression patterns under
Figure 4 The sub-network related to ath00010 pathway shows the functional consistence The red line between At5g50850 and At1g54220
indicates the similarity of their functions. Other red lines indicate the same functions between two proteins. The relationship between
At5g50850 and At1g54220 in our interactome proves their functional linkage.
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chips: ME00345, ME00338, ME00331, ME00326 and
ME00319 to detect the similarity of the gene expression
patterns. After preprocessing of these chips with MAS5
we calculated the Pearson Correlation for each pair of
genes among the above chips with R package[46]. The
identified coexpressed proteins with their Pearson Cor-
relation as LR have been integrated into our whole net-
works. (Additional file 6 table 4-8)
Domain is a function unit of a protein and participates
in intermolecular interactions, each protein is a collec-
tion of conserved domains. Therefore, it can infer the
protein interaction from related domain interaction, we
could conclude that two proteins have interactions if
domains in each protein have confirmed interactions.
We got domain interactive information from Pfam data-
base and induced the PPI information through mapping
domain interactive data to protein information from
TAIR (7). (Additional file 6 table 2)
Gene Ontology, that has a hierarchical structure,
describes the biological relationship for both genes and
its products of different species. A reasonable hypothesis
is that the more components a GO term has, the less
likely that interaction will exits between the components
of the same GO term. We used the method of SSBP [4]
to predict PPI on the structure of GO. We parsed the
obo file from Gene ontology, and then counted the
number of genes under each GO term. Next, we used
the decision tree J48 to discrete SSBP score and calcu-
late the LR. (Additional file 6 table 3)
Gene fusion, phylogenetic profile and gene neighbor
were all exerted according to sequence information.
Gene fusion method was based on the hypothesis that
the homologues of two interactive proteins in one spe-
cies may fuse into a single protein in another species.
Phylogenetic profile supposed that two proteins with the
similar profiles in different species might have interac-
tions or functional linkages. The hypothesis of gene
neighbor method is that proteins with neighborhood
relationships would have a higher probability to have
interaction or form a protein complex than the proteins
that do not have such relationship. We also used these
three genome context methods to infer the protein pro-
tein interactions in Arabidopsis thaliana. The result of
these three methods were integrated with the results of
d o m a i na n dS S B Pt of o r man e wc o m b i n e dm e t h o dt o
represent functional linkage and sequence similarity
between two proteins, thus predicting the interactions
between the two proteins. (Additional file 6 table 9-11)
Data integration: Naïve Bayesian approach
This approach provides a mathematical rule to explain
how to adjust the odds of a protein-protein pair interac-
tion based on new predictive evidence. The prior odds
of interactions can be calculated by the probability of
finding an interacting pair among all protein pairs
divided by the probability of finding a non-interacting
pair.
Oprior=P(pos)/P(neg)
The posterior odds or the odds that two proteins have
interaction based on new predictive evidence are
defined as:
OBB P pos f fn P neg f1 fn posterior = () () | ... / | ... 1
Where f BB i is a protein pair’s value in dataset i.
Likelihood score, which reflect both the sensitivity and
specificity, for each corresponding set of prior odds
were computed based on a derivation of Bayesian rule:
OBB OBB Lf 1f n posterior prior = () * ...
With the approach described above we could get the
LR score of each PPI pair, and the main LR of a certain
PPI pair is the product of the LR score from different
methods.
The Naïve Bayesian method is used to integrate the
datasets that are independent to each other. However,
the independence of our methods of predicting PPI is
hard to affirm and we are unable to prove that the fea-
tures used in our study to be independent. We have
explored the independence of these methods and calcu-
lated the combined LR of each two methods, but the
criterion of independence between two methods is hard
to be fixed (data not shown). Given that gene neighbor,
gene fusion and phylogenetic profile are all predictive
methods on the basis of the sequence information, their
independence can therefore be regarded weakly.
Furthermore, SSBP represents the functional consistence
of two proteins more than real physical interaction and
two proteins that have domain interactions may not
have physical interactions because of protein location or
other biological constrains. In order to follow the
requirement of Bayesian approach and enhance the
reliability of our predictive interactome, we combined
the methods of gene neighbor, gene fusion, phylogenetic
profile and SSBP together and validate the PPI pair
obtained by these four methods with protein domain
method. The result of this combined new PPI predictive
method is treated as representing the aspect of func-
tional consistent of a PPI pair, which is a new feature
used in our Bayesian Integration process. As to the
methods of ortholog and gene coexpression, their
hypotheses based on which that a PPI pair has been pre-
dicted to have interaction are different and do not relate
to the functional consistent. We have regarded that
Xu et al. BMC Genomics 2010, 11(Suppl 2):S2
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gene expression and the new combined method are
independent to each other. The final LR score of our
PPI network is the product of the LR scores of the three
above methods.
Additional file 1: The annotation result of unknown proteins with
annealing simulation algorithm on the basis of our interactome.
Additional file 2: The conservative PPI are listed. Moreover, further
information about the PPI pairs such as their ID, GO annotation, species ,
the experiment that validate the PPI, the related literature etc. are listed
under the conservative PPI pairs.
Additional file 3: The pathway related interactions are stored in
additional file 5. The interactive pairs pertaining to the pathways are
listed under each pathway name.
Additional file 4: The first line of each part is the GO term that enriched
in the tissue specific protein list. The information below the first line is
the GO terms that enriched in the interactions partner of the first line
listed GO term. All of the GO enrichment analysis related information
including GO-ID, p-value, corr, total Description Genes in test set are
listed.
Additional file 5: This file contains the result of new published validated
protein interaction pairs in our predictive interactome.
Additional file 6: The tables in the file contains the information about
the predictive result of the seven methods applied in our study.
Acknowledgment
This work was supported by the State Key Program of Basic Research of
China grants (2007CB108800 , 2009CB918400), National Natural Science
Foundation of China grants (30870575, 30730078), the National High
Technology Research and Development Program of China (863 project)
(Grant No. 2006AA10Z129, 2006AA02Z313)and Science and Technology
Commission of Shanghai Municipality (06DZ22923).
This article has been published as part of BMC Genomics Volume 11
Supplement 2, 2010: Proceedings of the 2009 International Conference on
Bioinformatics & Computational Biology (BioComp 2009). The full contents of
the supplement are available online at http://www.biomedcentral.com/1471-
2164/11?issue=S2.
Author details
1College of Life Sciences, the Northeast Forestry University, Harbin,
Heilongjiang 150040, China.
2The Center for Bioinformatics and
Computational Biology, and The Institute of Biomedical Sciences, School of
Life Science, East China Normal University, 500 Dongchuan Road, Shanghai
200241, China.
3Shanghai Information Center for Life Sciences, Chinese
Academy of Sciences, Shanghai, China, 200031.
4Rush Cancer Center, Rush
University Medical Center, Chicago, IL 60612, USA.
5Department of Biological
Sciences, University of Southern Mississippi, Hattiesburg, MS-39406, USA.
6Daqing Institute of Biotechnology, Northeast Forestry University, Daqing,
Heilongjiang 163316, China.
Authors’ contributions
TS, YL designed the study and GL implemented the algorithms and data
integration. GL and FX analyzed the results, FX and TS drafted the
manuscript, FX, CZ, PL, JC and YD collected the data and participated in the
analysis and discussion. All authors read and approved the final manuscript.
Competing interests
The authors do not consult to the supporter of this study. The authors
declare that they have no competing interests.
Published: 2 November 2010
References
1. Rual JF, Venkatesan K, Hao T, Hirozane-Kishikawa T, Dricot A, Li N, Berriz GF,
Gibbons FD, Dreze M, Ayivi-Guedehoussou N, et al: Towards a proteome-
scale map of the human protein-protein interaction network. Nature
2005, 437(7062):1173-1178.
2. Lehner B, Fraser AG: A first-draft human protein-interaction map. Genome
Biol 2004, 5(9):R63.
3. Stelzl U, Worm U, Lalowski M, Haenig C, Brembeck FH, Goehler H,
Stroedicke M, Zenkner M, Schoenherr A, Koeppen S, et al: A human
protein-protein interaction network: a resource for annotating the
proteome. Cell 2005, 122(6):957-968.
4. Rhodes DR, Tomlins SA, Varambally S, Mahavisno V, Barrette T, Kalyana-
Sundaram S, Ghosh D, Pandey A, Chinnaiyan AM: Probabilistic model of
the human protein-protein interaction network. Nat Biotechnol 2005,
23(8):951-959.
5. Giot L, Bader JS, Brouwer C, Chaudhuri A, Kuang B, Li Y, Hao YL, Ooi CE,
Godwin B, Vitols E, et al: A protein interaction map of Drosophila
melanogaster. Science 2003, 302(5651):1727-1736.
6. Formstecher E, Aresta S, Collura V, Hamburger A, Meil A, Trehin A,
Reverdy C, Betin V, Maire S, Brun C, et al: Protein interaction mapping: a
Drosophila case study. Genome Res 2005, 15(3):376-384.
7. Ito T, Chiba T, Ozawa R, Yoshida M, Hattori M, Sakaki Y: A comprehensive
two-hybrid analysis to explore the yeast protein interactome. Proc Natl
Acad Sci U S A 2001, 98(8):4569-4574.
8. Ho E, Webber R, Wilkins MR: Interactive three-dimensional visualization
and contextual analysis of protein interaction networks. J Proteome Res
2008, 7(1):104-112.
9. Gavin IM, Kukhtin A, Glesne D, Schabacker D, Chandler DP: Analysis of
protein interaction and function with a 3-dimensional MALDI-MS protein
array. Biotechniques 2005, 39(1):99-107.
10. Li S, Armstrong CM, Bertin N, Ge H, Milstein S, Boxem M, Vidalain PO,
Han JD, Chesneau A, Hao T, et al: A map of the interactome network of
the metazoan C. elegans. Science 2004, 303(5657):540-543.
11. Gandhi TK, Zhong J, Mathivanan S, Karthick L, Chandrika KN, Mohan SS,
Sharma S, Pinkert S, Nagaraju S, Periaswamy B, et al: Analysis of the human
protein interactome and comparison with yeast, worm and fly
interaction datasets. Nat Genet 2006, 38(3):285-293.
12. Baerenfaller K, Grossmann J, Grobei MA, Hull R, Hirsch-Hoffmann M,
Yalovsky S, Zimmermann P, Grossniklaus U, Gruissem W, Baginsky S:
Genome-scale proteomics reveals Arabidopsis thaliana gene models and
proteome dynamics. Science 2008, 320(5878):938-941.
13. Geisler-Lee J, O’Toole N, Ammar R, Provart NJ, Millar AH, Geisler M: A
predicted interactome for Arabidopsis. Plant Physiol 2007, 145(2):317-329.
14. Bhardwaj N, Lu H: Correlation between gene expression profiles and
protein-protein interactions within and across genomes. Bioinformatics
2005, 21(11):2730-2738.
15. Date SV, Stoeckert CJ Jr.: Computational modeling of the Plasmodium
falciparum interactome reveals protein function on a genome-wide
scale. Genome Res 2006, 16(4):542-549.
16. Bowers PM, Pellegrini M, Thompson MJ, Fierro J, Yeates TO, Eisenberg D:
Prolinks: a database of protein functional linkages derived from
coevolution. Genome Biol 2004, 5(5):R35.
17. Lin M, Hu B, Chen L, Sun P, Fan Y, Wu P, Chen X: Computational
Identification of Potential Molecular Interactions in Arabidopsis Thaliana.
Plant Physiol 2009.
18. Sun J, Sun Y, Ding G, Liu Q, Wang C, He Y, Shi T, Li Y, Zhao Z: InPrePPI: an
integrated evaluation method based on genomic context for predicting
protein-protein interactions in prokaryotic genomes. BMC Bioinformatics
2007, 8:414.
19. Chen Y, Xu D: Global protein function annotation through mining
genome-scale data in yeast Saccharomyces cerevisiae. Nucleic Acids Res
2004, 32(21):6414-6424.
20. Cui J, Li P, Li G, Xu F, Zhao C, Li Y, Yang Z, Wang G, Yu Q, Shi T: AtPID:
Arabidopsis thaliana protein interactome database–an integrative
platform for plant systems biology. Nucleic Acids Res 2008, 36(Database
issue):D999-1008.
21. Masoudi-Nejad A, Goto S, Endo TR, Kanehisa M: KEGG bioinformatics
resource for plant genomics research. Methods Mol Biol 2007, 406:437-458.
22. Ogata H, Goto S, Fujibuchi W, Kanehisa M: Computation with the KEGG
pathway database. Biosystems 1998, 47(1-2):119-128.
Xu et al. BMC Genomics 2010, 11(Suppl 2):S2
http://www.biomedcentral.com/1471-2164/11/S2/S2
Page 13 of 1423. Mueller LA, Zhang P, Rhee SY: AraCyc: a biochemical pathway database
for Arabidopsis. Plant Physiol 2003, 132(2):453-460.
24. Zhang P, Foerster H, Tissier CP, Mueller L, Paley S, Karp PD, Rhee SY:
MetaCyc and AraCyc. Metabolic pathway databases for plant research.
Plant Physiol 2005, 138(1):27-37.
25. Kerrien S, Alam-Faruque Y, Aranda B, Bancarz I, Bridge A, Derow C,
Dimmer E, Feuermann M, Friedrichsen A, Huntley R, et al: IntAct–open
source resource for molecular interaction data. Nucleic Acids Res 2007,
35(Database issue):D561-565.
26. Bader GD, Betel D, Hogue CW: BIND: the Biomolecular Interaction
Network Database. Nucleic Acids Res 2003, 31(1):248-250.
27. Willis RC, Hogue CW: Searching, viewing, and visualizing data in the
Biomolecular Interaction Network Database (BIND). Curr Protoc
Bioinformatics 2006, Chapter 8(Unit 8):9.
28. Poole RL: The TAIR database. Methods Mol Biol 2007, 406:179-212.
29. Ort DR, Grennan AK: Plant Physiology and TAIR partnership. Plant Physiol
2008, 146(3):1022-1023.
30. Van Calster B, Nabney I, Timmerman D, Van Huffel S: The Bayesian
approach: a natural framework for statistical modeling. Ultrasound Obstet
Gynecol 2007, 29(5):485-488.
31. Jansen R, Yu H, Greenbaum D, Kluger Y, Krogan NJ, Chung S, Emili A,
Snyder M, Greenblatt JF, Gerstein M: A Bayesian networks approach for
predicting protein-protein interactions from genomic data. Science 2003,
302(5644):449-453.
32. Vazquez A, Flammini A, Maritan A, Vespignani A: Global protein function
prediction from protein-protein interaction networks. Nat Biotechnol
2003, 21(6):697-700.
33. Arifuzzaman M, Maeda M, Itoh A, Nishikata K, Takita C, Saito R, Ara T,
Nakahigashi K, Huang HC, Hirai A, et al: Large-scale identification of
protein-protein interaction of Escherichia coli K-12. Genome Res 2006,
16(5):686-691.
34. Gavin AC, Aloy P, Grandi P, Krause R, Boesche M, Marzioch M, Rau C,
Jensen LJ, Bastuck S, Dumpelfeld B, et al: Proteome survey reveals
modularity of the yeast cell machinery. Nature 2006, 440(7084):631-636.
35. Ohi MD, Link AJ, Ren L, Jennings JL, McDonald WH, Gould KL: Proteomics
analysis reveals stable multiprotein complexes in both fission and
budding yeasts containing Myb-related Cdc5p/Cef1p, novel pre-mRNA
splicing factors, and snRNAs. Mol Cell Biol 2002, 22(7):2011-2024.
36. Barabasi AL, Oltvai ZN: Network biology: understanding the cell’s
functional organization. Nat Rev Genet 2004, 5(2):101-113.
37. Carbon S, Ireland A, Mungall CJ, Shu S, Marshall B, Lewis S: AmiGO: online
access to ontology and annotation data. Bioinformatics 2008.
38. Mentzen WI, Peng J, Ransom N, Nikolau BJ, Wurtele ES: Articulation of
three core metabolic processes in Arabidopsis: fatty acid biosynthesis,
leucine catabolism and starch metabolism. BMC Plant Biol 2008, 8:76.
39. Salwinski L, Miller CS, Smith AJ, Pettit FK, Bowie JU, Eisenberg D: The
Database of Interacting Proteins: 2004 update. Nucleic Acids Res 2004,
32(Database issue):D449-451.
40. Xenarios I, Rice DW, Salwinski L, Baron MK, Marcotte EM, Eisenberg D: DIP:
the database of interacting proteins. Nucleic Acids Res 2000, 28(1):289-291.
41. Xenarios I, Fernandez E, Salwinski L, Duan XJ, Thompson MJ, Marcotte EM,
Eisenberg D: DIP: The Database of Interacting Proteins: 2001 update.
Nucleic Acids Res 2001, 29(1):239-241.
42. Xenarios I, Salwinski L, Duan XJ, Higney P, Kim SM, Eisenberg D: DIP, the
Database of Interacting Proteins: a research tool for studying cellular
networks of protein interactions. Nucleic Acids Res 2002, 30(1):303-305.
43. Ostlund G, Schmitt T, Forslund K, Kostler T, Messina DN, Roopra S, Frings O,
Sonnhammer EL: InParanoid 7: new algorithms and tools for eukaryotic
orthology analysis. Nucleic Acids Res 2010, 38(Database issue):D196-203.
44. Berglund AC, Sjolund E, Ostlund G, Sonnhammer EL: InParanoid 6:
eukaryotic ortholog clusters with inparalogs. Nucleic Acids Res 2008,
36(Database issue):D263-266.
45. O’Brien KP, Remm M, Sonnhammer EL: Inparanoid: a comprehensive
database of eukaryotic orthologs. Nucleic Acids Res 2005, 33(Database
issue):D476-480.
46. Becker RA, Chambers JM, Wilks AR: The New S Language. Wadsworth &
Brooks/Cole 1988.
doi:10.1186/1471-2164-11-S2-S2
Cite this article as: Xu et al.: Global protein interactome exploration
through mining genome-scale data in Arabidopsis thaliana. BMC
Genomics 2010 11(Suppl 2):S2.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Xu et al. BMC Genomics 2010, 11(Suppl 2):S2
http://www.biomedcentral.com/1471-2164/11/S2/S2
Page 14 of 14